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Multi-modal brain tumor MRI segmentation based on modality reliability and deformable

cross-scale co-attention

SUO Guodong"?, ZHOU Yue'e"?, JIN Fengqing"*, YANG Jianlan®
1. School of Medical Information Engineering, Gansu University of Chinese Medicine, Lanzhou 730000, China; 2. Quanzhou
Orthopedic-Traumatological Hospital, Quanzhou 362000, China

Abstract: Objective To propose a three-dimensional (3D) multi-modal brain tumor segmentation network built upon the
U-Net backbone implemented in the Medical Imaging Segmentation Toolkit, which integrates modality reliability and
deformable cross-scale co-attention. Methods Three lightweight improvements were designed for the network. Specifically, a
modality reliability-aware fusion module was embedded at the input stage to adaptively suppress low-quality modality noise.
A deformable cross-scale co-attention module was introduced within the decoder to enhance the representation of tumor
boundaries and structurally deformed regions. An uncertainty-guided deep supervision module was used in the deep
supervision branch to improve the optimization performance for small lesions and ambiguous regions. Results The proposed
method was validated on the BraTS2021 dataset and compared with several 3D segmentation baseline models. Results
showed that the proposed model achieved optimal performance across whole tumor, tumor core, and enhancing tumor
subregions, with Dice similarity coefficients of 0.921, 0.895, and 0.891, respectively, and a mean 95% Hausdorff distance
reaching 4.122 mm, which outperformed the other models. Conclusion The proposed 3D multi-modal brain tumor
segmentation network effectively enhances multi-modal feature fusion, cross-scale feature alignment, and deep supervision
optimization, while maintaining a lightweight architecture. This study provides a robust and fine-grained solution for
automated brain tumor segmentation from MRI images.
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uncertainty-guided deep supervision

[Wr#s B #3]2026-03-21

[E£ DB LR M i RHE TR H (2026QZNY048 )

[1E& B VR EA, G0 Te A 0580 10 < B2 R 2 B S5 R 24 2] |, E-mail: liupizhi666@163.com

BE1EE Va2 BIBUR  BE 907 1) B2 U S5 0 AR B R G R SAFY . TR A5 BAAIR 2, E-mail: fiyjl@gszy.edu.cn



7

MRI - 93] -

Y S -

1

il

Ji e 9 2 AR 8 2R G v e B S T ) AR R R
i, FLIE PRIGST RIS PEAL 5 BE AR AR Ao A,
Il 2 YR B 4% (Magnetic Resonance Imaging, MR1)
X g 988 % o0 X (Tumor Core, TC) . i 953 7K i X
(Peritumoral Edema, ED) J 3% 55 fif J# X (Enhancing
Tumor, ET) M HERH U HA AT EARIER- . 4
M, BTN T 2 it 9% ) HARHE L R &%, A A
Ak kG B R G I RE o3 0 O v Rk B 2 R )
Mréi il s B 5 ). BR 2R MRy B S AR B HL
A G A WRIEIE AR AE 30 BB S 2RI AN 3
SESE N, B 2 AE =4t (Three-Dimensional, 3D ) /&%
P e, 0 245 75 S (] R A 3D 245 [ 25 44 56 R TR 51T
FRRE M AR TR 2 ) T IE A R R
&P kM B 2l o FROR B ABAT AR AR PR R, B S
Z 53 MRIZ ()47 M8 bb 22 5 K 225 8] W2 = W2
T8 GRS AR AN R e it SRR LR
JEAE X S PN 2R 8 A] R S 3 i A A AR v S iz
fbig it

Ry I b AR TR) R A 5 3 4 Y OR e i T IR A
>J ) 3D & B A £ W 4% (3D Convolutional Neural
Network, 3D CNN) J5 2/ 3D U-Net'"" i i % %
fif R 25 4 5 Bk BR324 R i B R AR R 5 i o PR
YA TR TR UGS ISR 2 . V-Net™"
IR 2= 454 5 Dice it 2% , 75 3D B& 27 UG 1Y) o 21 iy
Y B B2 9 s nnU-Net' ™ 038 i [ 38 W 5 E
X 28 254 B AL PR patch RO 458 96 M, il A B5 2#
EIG o I GU A S BRI AR I . A8 X SE R AT
Z U0 s 2 4y EE S5 T R B e (H B AT S AR
TG BRAE , Bz XS 2 0] 56 R 1 U RE )
X A3 0 1) i RO A 24— 3 o

i — A BT 2 S MRI R FHECR 1 2 i
4R Z RS RG], BL45 22 00 SCRRE SR 0 RS
TRy A A TS R S AT FE AL T DL R B A
B—HME2E I ERw . B, Sun % VE I £ & AR
53 4 BOAS [ RE AR A0, B 3K 6 REAE 78 25 [A] 2 T gk A7
flG, IR T 288 B AME B ; Zhuang 55 42 1 55
SAPOESZ B, F FH B B2 00 ST 2 AL, sh 24
A HE AN [ B 43 S ) B B M (45 W 45 HF 2 RS
FRAE (%) filt A 28 2 v B SEORS o AR ORI S S
5 s Dolz 8 TEAN [RI B 19 B A% 22 ] S 3 AR 34 42
RETEAS MR Z IR N2 IR Z 0] 22 S BIAS B E2 4= 4
GRFR . X IETERS BV A et A1
AT 3E LA AL By T A A% A 22 S B0 3 1] L AR g
7%, o fief /b [m] ik i 5 RUBE TR S — Bk .

Fifi % Transformer 2R K4 76 3138 AL AW 5 40Tt 14 oh
R, HAE Z2 B35 B gz 0 310 b 68 1 T 8 R T
PTG, TransBTS 224 3D CNN 5 Transformer
A TEm S A R 23k B R B R RRE
M, 5 AR T 2R B BLRE J) 5 Swin-UNETR |
Swin Transformer ') i 1 [ {1 & 1 5 )2 AL 451,
78 BraTS™> 48 K AU B 45 4 - B4R 10 5 1k g
UNETR++2* 3 i3 #2 17t 2% Transformer 2 i %5 5 1 31
[ 5 2 AL, S0 0B i AR s RUBE AR B Al o
AN, nnFormer' ™ 38 i Jmy i i 3 2 ) 5 5 1 1 42
JRE R TGS A TE 3D MR 43 rh R 3 B R Y 2
Py SRR ) o SRR I B Ty i AT RO R A S K A
(R ERSTTR R 26 o N E N NN O B & S0
TURRAE ]

W Ve B I HLE 2 A0, 250kt 5 5 i ROEE JL ] —
EXQ ey Ey RN W Bl QiR I G (1R 5 el
B A5 2 B Y 2 [B] A5 46 o 26 1 JLART ) 5% 7 ik e e — a2
TR b AT ROBE AN [R5 22 ) B 25 (R — 3K
) R s 2o RUJE ] TR AR v 7 ) A 0 ) i — 25 3 58 )y
RLEAY A A Rt R P R AR AR Y [FIE SRR
[ £ 235 K4 4 MedNe Xt > i 15 5% F /L 8l Transformer (1
STEY KRG BRI AEvERE (U 5 S8R Z S
TP

25 b, Y 20 A2 il g 43 1 T Il 1 32 2 ()
A5 (DERESREA - SRS A TRE; (2)5
FROBE R Z AV AE7E TUATT IR B8, 20 5k = A5 2500 % 55 5K
W5 (3) TR WS 3 S AE B A 54 20 ) TP AE e BB AR
FE 5 MRS RN R BT X AR BRR AR ST AR 2
U-Net (1 il _E 42 0 —Fp 4k T4k ol 2 A hr
1) Z BT FUFAE SR A5 DU A LA : (DB
Al 5E PR JECR Fl A (Modality Reliability-Aware Fusion,
MRAF) , §15%F Z2 15 385 5 A5 s A — B nl R, [ 3 Ak
A B8 R T FE A, T Tl &
Rk s (2) #5 ROBEE AT P 42 33 5% J) (Deformable
Cross-Scale Co-Attention, DCSCA) , 1E fiff 5 B B Xt Bk
PR R AT 25 (8] TR AR N 5% 5 it RO i AR 4
1o B —BOPE 5 3 B XSRS 0 A IR DT 5 (3) N ff
& Mgl 3 W M B (Uncertainty-Guided Deep
Supervision, UGDS) , i 1xf % [H] AN 7 P4 [ 0 IR 1 B
i 1 AT B AR R B R I 4 AR U G I 5 Sy
BerkasE k. LIRS R R %5 I 7E BraTS2021
B a4 LA T f0 45 3D U-Net, nnU-Net, TransBTS ,
Swin-UNETR ,UNETR++ MedNeXt [ £ i £ 8 5 fi
B R R AR PERe 5 iz fLhg



~ 0932 _ rhE R AR AR AR 543 5
1 ik Z AR IR MRI A2 i AL e R 25, B AR Z5 AL 2

1.1 M Bk
K 5 7F Medical Imaging Segmentation Toolkit
(MIST) "2 4L (1 U-Net SR AE I, & i )

B TR, 45 DA 4 3 38 22 825 MRT AR S0 (T,
T,Gd. T, .FLAIR)YE N #ii A , £33 MRAF £ X 4445
BT HRZEICES BB S ML, T35 A 3D gt ff i
FT W%

EB

Encoder skip
[—>1EB
2C, D2, HI2, W/Z\
Encoder skip
EB
4C, D4, H/4, W/4\\
Encoder skip

8C, DI§, HIS, W/8\

LeakyReLU), stride =2
[BN\ OB: 2x(Conv3D+IN+ ]

LeakyReLU), stride = 1

15 B R

16C, D/16, HII6, W/16\
[EB: 2%(Conv3D+IN+ ]

Encoder skip

[ — : logits

(= : deep features

BN ( DS Head: 1x1x1 Conv

((Loss: DiceCE loss + Deep supetvision

A

E1 EEREEEE

Figure 1 Overall architecture of the proposed network
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DSC HD95/mm

Al

WT  TC ET F¥ WT  TC ET iy
U-Net(3D) 0.894 0.839 0.815 0.849 3.126  6.152  6.832 5370
nnU-Net 0913 0871 0.851 0.878 2757 4.825 5972 4518
TransBTS 0.904 0.842 0.852 0.866 3.104 5901 4.465 4.490
Swin-UNETR 0919 0.862 0.850 0.877 4257 4912 5916 5.028
UNETR++ 0.917 0.876 0.850 0.881 3.561  4.477 5372 4470
MedNeXt 0916 0.860 0.861 0.879 4169 5.161 5813 5.048
ATy 0.921 0.895 0.891 0.902 3.027 4301 5038 4.122
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Table 2 Hyperparameter sensitivity analysis of the MRAF module

RERR e RENEREREy BSHETHRAR: =RTFHEAE SEBESE THDSC
2.0 0.2 0.10 V 3 0.893
1.0 0.5 0.02 x x 0.889
1.5 0.3 0.05 J X 0.902
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Table 3 Ablation study of different module configurations

o R DSC HD95/mm

MRAF DCSCA UGDS WT TC ET iy WT TC ET 14
Baseline 0.898 0.873 0.851 0.874 3.891 5.146 5816 4.951
Baseline+tMRAF d 0.909 0.879 0.865 0.884 3.754 4913 5727 4798
Baseline+DCSCA v 0.905 0.880 0872 0.886 3761 4874 5690 4.775
Baseline+UGDS y 0912 0.879 0.873 0.888 3.625 4919 5702  4.749
BaselinetMRAF+DCSCA d J 0.914 0.889 0.883  0.895 3282 4571 5447 4.433
BaselinetMRAF+UGDS V 0917 0883 0878 0.893 3577 4641 5481  4.566
BaselinetDCSCA+UGDS v v 0914 0.889 0.882  0.895 3.211 4512 5309 4.344
ARSI d 0921 0.895 0.891  0.902 3.027 4301  5.038  4.122
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